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Abstract. Early damage detection of VWUXFWXUH¶V joints is essential in order to ensure the integrity of 
structures. Vibration-based methods are the most popular way of diagnosing damage in machinery joints.  
Any technique that is used for such a purpose requiers dealing with the variability inherent to the system due 
to manufacturing tolérances, environnemental conditions or aging. The level of variability in vibrational 
response can be very high for mass-produced complex structures that possess a large number of 
components.In this study, a simple and efficient time frequency method is proposed for detection of damage 
in connecting joints. The method suggests using singular spectrum analysis for building a reference space 
from the signals measured on a healthy structure and then compares all other signals to that reference space 
in order to detect the presence of faults. A model of two plates connected by a series of mounts is used to 
examine the effectiveness of the method where the uncertainty in the mount properties is taken into account 
to model the variability in the built-up structure. The motivation behind the simplified model is to identify the 
faulty mounts in trim-structure joints of an automotive vehicle where a large number of simple plastic clips 
are used to connect the trims to the vehicle structure. 
1 Introduction  
Joints such as clips and bolts are commonly used in the 
built-up structures to connect different components. The 
damage in these joints can adversely affect the integrity 
of the whole structure and may lead to catastrophic 
incidents. Thus, an early detection of damage in the 
structure with faulty joints is a very important task to 
maintain the safety and to extend the service life span of 
structures. 
Damage detection in structural joints has attracted 
quite some attention and many techniques were developed 
during the past few decades. Vibration-based analysis is 
the most popular strategy for the damage detection 
because it is non-destructive and repeatable one.  The 
deviation of natural frequency and damping ratios from a 
baseline values due to bolt looseness is investigated in [1] 
where a couple of Euler beams with a single bolted lap 
joint is used in the analysis. The results illustrate that the 
bolts looseness afIHFW WKH VWUXFWXUH¶VQDWXUDO IUHTXHQFies 
and damping ratios. However, the change is more 
significant at the higher frequency range.  
In reference [2], an experimental investigation is 
conducted for identifying the looseness in cargo bolts 
under random excitation. The experiment is conducted on 
twelve bolts group and seven different severity of 
damages (i.e. looseness) are simulated in the experiment. 
For each simulated damage type, vibration signals are 
acquired using accelerometer and time series are used for 
detection. Two kinds of autoregressive models were 
constructed. The residual errors of the models are used as 
damage index for different levels of damage. The results 
showed that the suggested methodology has the 
possibility of early detection of bolt looseness severity.    
A damage detection method based on the analysis of the 
subharmonic resonance is presented in [3]. The study 
proposed the structure bolted joint as a two-degree of 
freedom nonlinear model and uses a multiple timescale 
method for illustrating the generation of subharmonic 
resonance. Experiments were conducted on a single bolt-
joint aluminum beam and the damage in the joint is 
simulated by bolts looseness. The excitation of the beams 
and acquisition of the corresponding response signals are 
conducted by piezoelectric transducers. The results 
showed that the subharmonic frequencies appear in the 
structure response spectrum when it is excited by a double 
of its natural frequency.   
The study in [4] presents a technique for the looseness 
detection of bolted structure. The technique based on the 
frequency response function (FRF) data. The 
experimental results of the study are obtained from two 
sensors; accelerometer and strain gauge are compared to 
assess the bolt looseness.  The results show that presence 
of bolt looseness causes and abrupt change in the 
orthogonal modes. 
The detection of undesired structural changes in space 
  
vehicle due to bolt looseness is also investigated in [5]. 
Special kind of piezoelectric sensors are used on a real 
satellite panel with 49 bolts.  The damage in the satellite 
panel is simulated as looseness in a bolt.  The capability 
of two different methods, namely Acousto-Elastic and 
Electro-Mechanical Impedance methods, of detecting 
damage is investigated. The experimental results of the 
study show that the present techniques have a potential 
possibility for both damage detection and localization. 
A combined methodology based on vibration and 
electro-mechanical impedance techniques for the purpose 
of structural joint damage detection is presented in [6]. A 
number of structure joint damage scenarios are designed 
in the study for the purpose of damage detection. The 
experimental results such as modal parameters are 
analyzed and showed that the present methodology is 
useful in extracting a damage information on the structure 
joint. 
The study in Ref. [7] proposes a artificial neural 
network  ANN-based method for the estimation of 
damage severities in WUXVVEULGJH¶VMoint. The mode shapes 
and natural frequencies are used as input features to the 
ANN in order to assess the damage. For the demonstration 
of the method efficiency and accuracy, a numerical 
analysis is presented. 
The motivation of the current study is to detect  
damages in small plastic clips that are used to connect the 
trim to the structure of an automotive vehicle. A large 
number of these clips are used in modern vehicles. These 
clips should be firmly connected and any rattling can be a 
source of unwantHGQRLVHLQDYHKLFOH¶VFDELQ,WLVVKRZQ
that the variability in the effective stiffness and damping 
of such clips can affect the vibration response of the 
vehicle [8]. Such variability makes the damage detection 
process more difficult and uncertain. In this study, a 
simple analytical model of two connected plate is used to 
investigate the possibility of detection of joints in built-up 
structure in presence of inherent variability in the joints 
properties. A simple and easy methodology based on 
Singular Spectrum Analysis (SSA) is suggested here for 
this purpose. In this method, the time domain vibration 
acceleration signals are subjected to the SSA for the 
decomposition purposes. From the response of structure 
with healthy joints   a reference space is made. Other 
signals of the healthy structure will be projected onto this 
space and allow an estimation of threshold value. Any 
new signal will be projected on that baseline space and 
their distance to the cluster of healthy signal will be 
compared to the threshold value to classify them as 
healthy or damaged.  
In the following section, the mathematical formulation 
of the problem is described. In section 3, the fundamentals 
of the SSA are described briefly. Results and discussion 
are presented in section 4 and the section 5 focuses on   
conclusions made in this paper.  
2 Mathematical formulation of the 
problem  
A simple model of two connected steel plates with 
multiple mounts is used here in order to simulate a built-
up structure with multiple joints. For the purposes of 
modeling, the steel plates are simply supported and thus 
an analytical solution for their vibration response exists 
according to Kirchhoff±Love plate theory [9]. The two 
plates are connected by eleven mounts which are 
distributed randomly between the plates. This allows 
obtaining an analytical solution using the impedance-
mobility technique (FRF coupling) [10][11] The plates 
are made of steel and have the following dimensions: 
plate 1 has a thickness of 1.5 mm, width of 350mm and 
length of 500mm; plate 2 has a thickness of 1.3mm, width 
of 400mm and length of 600mm.  A schematic view of 
two plates is shown in figure 1.The mobility functions 
between point 1 on the first plate and point 2 on the second 
plate are obtained.  
 
Fig. 1. A schematic view of two plates connected by eleven 
clips. 
The uncertainty in the clips properties are considered 
based on the measurement conducted in [8]. A Monte 
Carlo simulation is used to obtain the point and the 
transfer mobilities while the clips properties are varied. 
The mobility ଵܻଶ for point 1 of the first plate and point 2 
of the second plate is shown in figure 2 for 250 
realisations where all clips are considered connected. It 
can be seen that at lower frequencies there are distinct 
modes which are not affected by the variability in clips 
properties . However, the effect of variability in the clips 
properties becomes more prevalent at with the increase of 
the frequencies. 
 
Fig. 2. Monte Carlo simulation results of mobility ଵܻଶ of two 
connected plate with 11 clips. 
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  Fig. 3. Monte Carlo simulation of the mobility ଵܻଶ of two 
connected plate for healthy and damaged connections where one 
of the clips is removed each time. 
 
3 Methodology 
66$LVDWLPHVHULHVDQDO\VLVPHWKRGWKDWSRSXODUO\XVHG
LQ ELRPHGLFDO DQG PHWHURORJLFDO VFLHQFHV >@
5HFHQWO\ LW ZDV XVHG IRU WKH SXUSRVHV RI HQJLQHHULQJ
DSSOLFDWLRQ VXFK DV IDXOW GLDJQRVLV RI UROOLQJ HOHPHQW
EHDULQJV>@WRROZHDUKHDOWKPRQLWRULQJ>@DQG
GHODPLQDWLRQLQFRPSRVLWHPDWHULDOV>@ 
7KH 66$ KDV WZR PDLQ VWDJHV GHFRPSRVLWLRQ DQG
UHFRQVWUXFWLRQ ,Q WKH ILUVW VWDJH D VLJQDO ZKLFK LV
GLVFUHWL]HGDVDWLPHVHULHVLVGHFRPSRVHGLQWRDQXPEHU
RI LQGHSHQGHQW FRPSRQHQWV  WKH SULQFLSDO FRPSRQHQWV
3&¶V(DFKFRPSRQHQWFRQWDLQVDFHUWDLQSHUFHQWDJHRI
WKH RULJLQDO VLJQDO YDULDQFH 7KH UHFRQVWUXFWLRQ VWDJH
ZKLFKLVQRWXVHGLQWKLVPHWKRGRORJ\XVHVDOORUVRPHRI
WKH SULQFLSDO FRPSRQHQWV WR UHFRQVWUXFW WKH RULJLQDO
VLJQDO  )XUWKHU GHWDLOVRI WKH66$FDQEHIRXQG LQ >
@ 
7KH PHWKRGRORJ\ VXJJHVWHG KDV WZR NH\ VWHSV
EXLOGLQJ EDVHOLQH VSDFH DQG GDPDJH GHWHFWLRQ
PHWKRGRORJ\ 7KH ODWHU FRQWDLQV H[WUDFWLRQ RI IHDWXUH
YHFWRUV )9V VHWWLQJ D WKUHVKROG DQG D FODVVLILFDWLRQ
SURFHVV 
3.1 Building reference/baseline space.  
A baseline space is made from subjecting a signal 
measured on a healthy structure to the decomposition 
stage of the SSA. First a trajectory matrix X of dimension 
(LXK) is made from the time-lapped signal x of a length 
n (i.e ݔ ൌ ሾݔሺ ?ሻǡ ݔሺ ?ሻǡ ݔሺ ?ሻ ǥ ݔሺ݊ሻሿ) as shown in Eq. (1): 
 
܆ ൌ ۏێێێ
ۍݔሺ ?ሻݔሺ ?ሻݔሺ ?ሻڭݔሺܮሻ
ݔሺ ?ሻݔሺ ?ሻݔሺ ?ሻڭݔሺܮ ൅  ?ሻ
ݔሺ ?ሻݔሺ ?ሻݔሺ ?ሻڭݔሺܮ ൅  ?ሻ
ǥǥǥڰǥ
ݔሺܭሻݔሺܭ ൅  ?ሻݔሺܭ ൅  ?ሻڭݔሺܭ ൅ ܮ െ  ?ሻےۑۑۑ
ې
 
ZKHUHݔሺ݊ሻLVD݊WKHOHPHQWRIWKHPHDVXUHGVLJQDO7KH/
LVWKHZLQGRZRIGHFRPSRVLWLRQ LHWKHQXPEHURI3&V
UHVXOWHGIURPWKHGHFRPSRVLWLRQVWDJHDQG. Q/7KH
FRYDULDQFHPDWUL[RIWKHWUDMHFWRU\PDWUL[FDQEHREWDLQHG
DFFRUGLQJWR(T 
 ۱୶ ൌ ܆܆ᇱܮ ሺ ?ሻ 
7KHQ LW LV VXEMHFWHG WR VLQJXODU YDOXHGHFRPSRVLWLRQ DV
VKRZQLQ(TWRREWDLQLWVHLJHQYDOXHVDQGHLJHQYHFWRUV 
 ۱௫܃௜ ൌ ߣ௜܃௜ ሺ ?ሻ 
Each eigenvalue (i.e. ߣ௜) represents a fraction of the RULJLQDO VLJQDO¶V YDULDQFH LQ WKH GLUHFWLRQ RI WKH
corresponding eigenvector ܃௜. The eigenvalues are 
usually arranged in a decreasing order and the 
corresponding variances are represented in the so-called 
scree plot [25].  
For building the baseline space, all or only a part of 
eigenvectors obtained above, which correspond to the 
healthy condition can be used.  
 3.2 Damage detection methodology 
After building the baseline/reference space from healthy 
signals, any new signals will be projected on the baseline 
space and the fault detection process is conducted. The 
detection process has two main steps: feature vector 
extraction and classification. 
3.2.1 Feature vector extraction 
Supposing signals from healthy and faulty condition are 
available, the healthy signals are divided equally into  a 
training and a testing sample, while all the faulty signals 
are used as testing sample.  
For the training sample, the trajectory matrix of every 
signal is projected onto the baseline space. The projection 
means multiplying the transpose of the trajectory matrix ܆ by each of the baseline eigenvector ܃௜. This projection 
will provide the corresponding principal components ۾۱௜ 
as in Eq.4 
 ۾۱௜௜ ൌ ܆ᇱ܃௜ߣ௜ ሺ ?ሻ 
The symbol (Ԣሻ denotes the transpose. Then, the Euclidean 
norm of each of the three principal components is 
calculated as in Eq.5, 
௜݂௝ ൌ ෍ ൫۾۱௜௝ሺ݉ሻ൯ଶ௄௠ୀଵ  ሺ ?ሻ 
where fij is the feature, ݅ is the number of principle 
component and ݆ is the number of the signal that is 
  
projected. .  
In the present study, the baseline space is basically 
made from the first three eigenvectors. Hence, all feature 
vectors will be of three dimensions. More eigenvectors 
can also be used but in this study the first three vectors  
were sufficient to achieve a very good classification . 
Then the feature vectors obtained from ݆th signal will have 
the form, ܎௝ ൌ ൣ ଵ݂௝ ଶ݂௝ ଷ݂௝൧Ԣሺ ?ሻ 
 The reason for choosing three feature components only 
is that these can be visualized in a 3D space.  
3.2.2 Classification 
When a baseline space is made and the training samples 
are projected, the resultant  FVs are arranged in rows to 
form the baseline feature matrix ۴௕௔௦௘௟௜௡௘,. Then, the 
Mahalanobis distance (ܦ௜ሻof each feature vector to the ۴௕௔௦௘௟௜௡௘ is calculated as shown  in Eq.7. 
 ܦ௜ ൌ ඥሺ݂ݒ௜ െ ܧ௕௔௦௘௟௜௡௘ሻǤ ܵିଵǤ ሺ݂ݒ௜ െ ܧ௕௔௦௘௟௜௡௘ሻ்ሺ ?ሻ 
  ۳௕௔௦௘௟௜௡௘       is the mean of the rows of the ۴௕௔௦௘௟௜௡௘ Ǥandܵିଵ  is the inverse of the covariance matrix 
of  ۴௕௔௦௘௟௜௡௘ Ǥ 
 
From the values of ܦ௜  corresponding to the baseline 
training sample a suitable probability distribution is fitted. 
In the present study, a lognormal probability distribution 
if fitted. From this probability distribution a suitable 
threshold ௥ܶ is found. The threshold here  is selected as 
the value for which the cumulatve probability distribution 
equals 0.99 [26]..  A new signal will be classified based 
on its ܦ௜   to the class of healthy  or faulty  signals, 
according to the Eq.8. 
 ܦ௜ ൐ ௥ܶݏ݈݅݊݃ܽ݅ݏܽݏݏ݅݃݊݁݀ݐ݋݄݈݁ܽݐ݄ݕ݈ܿܽݏݏܦ௜ ൑ ௥ܶ ݏ݈݅݃݊ܽ݅ݏܽݏݏ݅݃݊݁݀ݐ݋݂ܽݑ݈ݐݕ݈ܿܽݏݏሺ ?ሻ 
where ܦ௜  is the Mahalanobis distance of ݅୲୦ signal 
measured from the healthy space and ௥ܶ is the calculated 
threshold. 
4 Results and discussion 
$V ZDV PHQWLRQHG LQ 6HFWLRQ   UHDOL]DWLRQV ZHUH
REWDLQHGIRUWKHFDVHZKHQDOOFOLSVDUHPRXQWHGWKDWLVIRU
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+HDOWK\FDVH
UHPRYHGFOLSFDVHV7KHVLJQDOV IURPWKHKHDOWK\
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LHHDFKLVUHODLVDWLRQV
LQWRDWUDLQLQJDQGDWHVWLQJVDPSOHHDFKRQFRQWDLQLQJ
VLJQDOV$OOWKHRWKHUVLJQDOVDUHXVHGDVDWHVWLQJ
VDPSOH 
)LJXUHUHSUHVHQWVWKH'YLVXDOL]DWLRQRIWUDLQLQJ)9V
ZKLFKZHUHREWDLQHGDFFRUGLQJWR(T 
 
 
Fig. 1. 3D visualisation of baseline FVs. 
 
)LJXUHVKRZVWKHSURMHFWLRQRIWKHWHVWLQJ)9V
RQ WKH EDVHOLQH IHDWXUH VSDFH7KH KHDOWK\ WUDLQLQJ
DQG WHVWLQJ )9V DUH UHSUHVHQWHG LQ EOXH FRORU 7KH
)9VFRUUHVSRQGLQJWRIDXOW\FODVVDUHUHSUHVHQWHGLQ
UHG FRORU ,W FDQ EH VHHQ WKDW WKH WHVWLQJ )9V
FRUUHVSRQGLQJ WR WKH IDXOW\ FDVHV FDQ EH YLVXDOO\
UHFRJQL]HGIURPWKHEDVHOLQH)9V 
 
 
Fig. 2.  Clustering of 3D visualisation of baseline FVs. 
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Fig. 3.  The levels of D for both training and testing sample. 
 
7DEOHVKRZVWKHFRQIXVLRQPDWUL[WKDWUHSUHVHQWVWKH
UDWHVRIFRUUHFWDQGLQFRUUHFWFODVVLILFDWLRQLQSHUFHQWVIRU
WKH KHDOWK\ DQG WKH IDXOW\ VLJQDOV 7KH ILUVW FROXPQ
GHQRWHVWKHUHDOFODVVDQGWKHILUVWURZFRUUHVSRQGVWRWKH
UHFRJQL]HG FODVV 7KH QXPEHUV RQ WKH PDLQ GLDJRQDO
VKRZV WKH FRUUHFW FODVVLILFDWLRQ UDWHV ZKLOH WKH RII
GLDJRQDO QXPEHUV VKRZ WKH SHUFHQWDJHRI PLVFODVVLILHG
VLJQDOVU,WFDQEHVHHQWKDWDOOWKHKHDOWK\)9VIURP
WKH WHVWLQJVDPSOHDUHFRUUHFWO\DVVLJQHGWRWKHKHDOWK\
FODVV)URPWKHWDEOHLWFDQEHVHHQWKDWRQO\RXWRIWKH
   WHVWLQJ )9V FRUUHVSRQGLQJ WR IDXOW\
FRQGLWLRQVZHUHPLVFODVVLILHGDVKHDOWK\ZKLOHDOOWKHUHVW
)9VLHZHUHFRUUHFWO\FODVVLILHGDVIDXOW\ 
Table 2. Confusion matrix 
5HDO
FODVVUHFRJQL]HG
FODVV 
+ ) 
+   
)   
5 Conclusions 
This study suggests a vibration-based monitoring method 
for small plastic clips used to connect the trim to the 
structure of an automotive vehicle.  It was shown that 
damage in one of this clips or a missing clip affects the 
vibration signal measured on the vehicle. Currently such 
clips are not monitored but any damage in the clips or any 
unscrewed or missing clip will cause unwanted noise in 
the vehicle. This is why this study suggests to monitor the 
condition of such clips and fix them on the basis if the 
results of this monitoring.  In this study a simple but 
efficient methodology for damage detection in these small 
plastic clips in automotive vehicle is developed 
The methodology  does not require  previous 
measurements of signals corresponding to faulty cases 
and it is able to distinguish not only between healthy and 
faulty signals but also among different faulty cases. The 
results obtained in the paper demonstrate  the accuracy of 
the method, which supports the claim of using it for 
purposes of automatic of damage assessment. 
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